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Abstract. Surface waterblooms of toxic cyanobacteria (scums) interfere with the use
of lakes, for instance in the production of drinking water or for recreation. Routine mon-
itoring data are not sufficient for early warning due to the large temporal and spatial
variability in the occurrence of surface waterblooms, and the time lag between the formation
of the scum and the availability of relevant information for risk management. We combined
a ‘‘traditional’’ dynamic simulation model based upon differential equations with fuzzy
logic to describe the three main conditions governing surface waterbloom formation: (1)
a preexisting population of cyanobacteria, (2) buoyancy of the cells, and (3) stability of
the water column. The attributes and membership functions of the fuzzy model were based
on earlier field studies of diel changes in buoyancy and vertical distribution of cyanobacteria.
The model was applied without further calibration to the large lake IJsselmeer (1200 km2)
in the Netherlands, and we validated the model output using 12 years of NOAA-AVHRR
(National Oceanic and Atmospheric Administration–Advanced Very High Resolution Ra-
diometers) satellite images on which surface blooms are discernible as an enhanced veg-
etation index or increased surface water temperature. Existing surface blooms were pre-
dicted with high accuracy, but additional blooms were also predicted. A statistical test
(Cohen’s Kappa) showed that correct predictions of the absence or presence of surface
blooms were highly unlikely to have occurred by chance only. The model can be used to
predict the occurrence of surface waterblooms in advance on the basis of the long-term
weather forecast, leaving time for appropriate management of the problem. The lake man-
agement has expressed interest in converting the present model into a fully operational–
online–early warning system.

Key words: algal blooms, early warning; blue-green algae; cyanobacteria; ecological models;
eutrophication; fuzzy logic; Microcystis; remote sensing; scums; water management.

INTRODUCTION

Cyanobacteria in general, and surface waterblooms
in particular, are a serious problem in water manage-
ment (e.g., Paerl 1988). During surface waterbloom
formation, a population of buoyant cyanobacteria ac-
cumulates in a distinct scum at the lake surface, in the
absence of wind mixing. Surface waterblooms are not
aesthetic and give a foul smell. No phenomenon leaves
such a lasting impression of eutrophication of inland
waters as these dense blue-green scums. Most impor-
tantly perhaps, the (potentially) toxic biomass of cy-
anobacteria is concentrated manifold in these surface
blooms. Buoyancy is at the heart of the ‘‘toxic blue-
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green algae’’ problem. If the cyanobacteria did not float
they would not accumulate, and the risk of swallowing
a dangerous amount of toxin would be much reduced.
Guidelines by the World Health Organization (Chorus
et al. 2000) take scum formation as a specific risk factor
into account. In this paper, we only discuss the phe-
nomenon of surface water bloom formation (scums),
not cyanobacterial blooms in general.

The conditions for surface waterbloom formation are
seemingly simple: (1) the preexistence of a population
of cyanobacteria; (2) buoyant cells, and (3) stability of
the water column (Reynolds and Walsby 1975). Surface
waterbloom formation is a phenomenon that operates
on a time scale of hours. Often they form overnight.
The short windows that commonly exist between mix-
ing events (e.g., Ibelings et al. 1991) indicate that it is
really a preexisting population of cyanobacteria that
accumulates at the surface, rather than surface blooms
resulting from growth at the lake surface. Buoyancy is
provided by intracellular gas vacuoles, made up of
many gas vesicles, hollow structures filled with air (see
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Walsby 1994 for a review). In the light, cyanobacteria
store carbohydrates from photosynthesis as glycogen
and this acts as a ballast component. When the amount
of ballast exceeds the flotation provided by gas vacu-
oles the cells sink. In deeper, darker layers, the cells
respire the stored glycogen and regain buoyancy. This
cycle leads to a diel pattern in the percentage of floating
colonies, a level that may approach 100% in the early
morning (Ibelings et al. 1991). A fully buoyant pop-
ulation does not necessarily lead to surface blooms.
Even low-to-moderate wind speeds may prevent up-
ward vertical migration of the buoyant colonies. The
wind induced shear velocity in surface layers easily
exceeds the flotation velocity of buoyant cyanobacteria
(Reynolds 1987). Stability of the water column in
freshwater is the result of heating of the lake surface
(by the sun) prevailing over wind induced mixing.
Hence surface blooms are only expected during periods
of low wind speed and/or high insolation.

Buoyancy as a requirement for cyanobacteria like
Microcystis to develop into large populations is well
supported by models (Sherman and Webster 1994,
Howard 2001), experimental data (Ibelings et al. 1994,
Huisman et al. 1999), and field studies (Ibelings et al.
1991, Visser et al. 1996). According to the work by
Huisman et al. (1999), Microcystis is not a strong com-
petitor in a well-mixed environment on basis of its
inferior critical light intensity. At low mixing rates,
however, Microcystis is able to outcompete others be-
cause the cyanobacterium obtains a superior position
in the underwater light gradient. This autonomous re-
positioning in the water column has been described as
‘‘tracking the mixed layer’’ by Humphries and Lyne
(1988). Walsby et al. (1997) showed that buoyancy in
a population of Aphanizomenon in the Baltic increased
net photosynthesis twofold during periods of alternate
mixing and stability. The daily integral of photosyn-
thesis in buoyant populations of Anabaena circinalis
was five times as high as in evenly distributed cya-
nobacteria (Mitrovic et al. 2001).

The aim of the research documented in this paper
was to design and test an early warning system that
predicts the occurrence of cyanobacterial surface wa-
terblooms (scums), in particular in large lakes. In such
lakes, reliable monitoring of harmful algal blooms is
problematical, especially using traditional methods like
in situ sampling, but even with state-of-the-art tech-
niques such as remote sensing (cf. Schofield et al.
1999). Both techniques are not suitable for early warn-
ing due to the time lag between the occurrence of wa-
terblooms and the availability of the monitoring data.
To circumvent the time lag problem, we used a mod-
eling approach based on long-term weather forecasts
to predict surface waterbloom formation well in ad-
vance. We choose the innovative approach of combin-
ing ‘‘traditional’’ numerical modeling based on differ-
ential equations with an expert system based on fuzzy
logic.

The concept of fuzzy logic was introduced by Zadeh
as an extension of Boolean logic (Von Altrock 1995).
In fuzzy logic the state variables are expressed in terms
of an ordered set of qualifications such as ‘‘low,’’ ‘‘in-
termediate,’’ or ‘‘high.’’ But instead of assigning a sin-
gle qualification to a state variable (i.e., the current
state is ‘‘high’’), fuzzy logic applies the concept of
memberships to multiple qualifications. For instance,
a state variable could be assigned a membership of 0.25
to the qualification ‘‘intermediate’’ and a membership
of 0.75 to the qualification ‘‘high.’’ As a result, multiple
rules of the expert system are applied in parallel, each
with their own weight. Note that memberships do not
represent probabilities. From a probabilistic point of
view, the state would either be low or intermediate, but
with uncertainty as to which state. In the membership
representation, the state is both low and intermediate
(each to a certain degree). It is obvious that this format
allows for a more continuous representation of the state
variables, as would be the case for a numerical variable,
while still representing the variable in qualitative
terms, as would be the case in Boolean logic. Because
the information is stored in qualitative terms we can
implement in the model the abundant qualitative
knowledge about bloom formation available among ex-
perts. It is often impossible to translate such knowledge
in terms of the mathematical expressions needed for a
model based on differential equations. For a more de-
tailed documentation of the possibilities and applica-
tion of fuzzy logic, the reader is referred to a special
issue of Ecological Modeling, Volume 85 (1996).

METHODS

We apply fuzzy logic to transfer numerical infor-
mation on algal biomass, wind speed, irradiance, and
time of the day into a prediction of the occurrence of
surface blooms. Algal biomass is obtained from an es-
tablished water quality model based on differential
equations while wind speed and irradiance are obtained
from meteorological monitoring stations. Data on wind
speed, irradiance, and time of the day are translated to
memberships of sets in qualitative terms, in a process
called fuzzyfication. A qualitative prediction of the de-
gree of appearance of algal surface blooms is derived
in two steps of logical inference (fuzzy inference): (1)
from wind speed, irradiance, and time of the day to
stability of the water column and buoyancy of the cells,
and (2) from stability and buoyancy to the appearance
of algal blooms. This qualitative prediction of the de-
gree of appearance of algal blooms is translated into a
numerical representation in a final step called defuz-
zyfication. The final prediction of an algal surface
bloom is made by combining this latter number with
the algal biomass as predicted by the water quality
model. To apply the model in a spatial context we ex-
tended it with a simple particle-tracking model that
describes the transport of existing scums across the
lake. We applied the model to the large lake IJsselmeer
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PLATE 1. Two colonies of different species of cynobacterium belonging to the genus Microcystis taken from a surface
bloom on Lake Ijsselmeer, The Netherlands. Many individual cells can be seen embedded in a common layer of mucilage
(1003 magnification, stained with India ink). Photograph by B. W. Ibelings.

FIG. 1. Map of the IJsselmeer area in the Netherlands (Western Europe), including the location of meteorological stations
and four geographical areas distinguished in the model output shown in Fig. 7.

in the Netherlands (see Fig. 1), and validated the model
using NOAA-AVHRR images. Fig. 2 presents an over-
view of the model structure.

Model component 1—cyanobacterial biomass

The integrated hydrological, water quality, and algal
growth model WAQUA-DBS (Delwaq-Bloom-Switch)
was used to calculate the cyanobacterial biomass in the
IJsselmeer. The two-dimensional model WAQUA mod-
els the hydrodynamics of the IJsselmeer, using a time
step of 10 minutes and up-to-date values on wind forc-
ing. The model is described extensively by Stelling
(1984), and used, among others, by Middelkoop and
van der Perk (1998). Delwaq calculates transport of

substances as a function of advective and dispersive
transport. Bloom, the algal module in DBS, distin-
guishes between green algae, diatoms, and cyanobac-
teria. In the latter group, a further distinction into sev-
eral ecotypes is made, exemplified by colonial cya-
nobacteria like Microcystis (see Plate 1), N2-fixers like
Aphanizomenon, and filamentous species like Plank-
tothrix. Sediment processes like the release of phos-
phorous are included, but grazing is applied as a forcing
function. The light climate is modeled according to
Buiteveld (1995) and integrated in DBS. The algal
growth model uses a variable time step depending on
the process rates. The variables governing algal growth
were calculated after aggregation of the more detailed
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FIG. 2. Schematic representation of fuzzy model describing the (dis)appearance of surface waterblooms. The model output
describes the degree to which surface waterblooms (dis)appear per model grid cell. Surface waterbloom formation is dependent
on biomass (from DBS), water column stability, and buoyant cells. The latter two conditions are computed using a fuzzy
model. The disappearance of existing surface blooms is solely dependent on a breakdown of water column stability. Input
into the fuzzy model is shown on the left: data on wind speed and irradiance are translated into memberships of sets of
qualitative descriptions, using expert knowledge on bloom formation (see Fig. 3A–D for memberships). This first step is
called fuzzyfication. In the second step, stability and buoyancy are computed in qualitative terms (see Tables 1 and 2) on
basis of the memberships defined earlier. This second step, called fuzzy inference, builds an expert system based upon a set
of IF–THEN rules. In a third and final step (called defuzzyfication), the qualitative model output (e.g., surface blooms will
form to a high degree; see Tables 3 and 4) is translated into a quantitative value. The coefficients used in defuzzyfication
are shown in Table 5. The whole process enables the combination of quantitative and qualitative data into one model and
allows access to expert knowledge that would otherwise remain unused.

hydrological schematization of 1 3 1 km into 85 grid
cells.

Detailed modeling of the IJsselmeer using DBS was
performed for 1988–1989 in an earlier study (Lammens
1999). This study included calibration and validation
of the model for the IJsselmeer, in which chloride, chlo-
rophyll a, and nutrients were tuned successively. Three
types of parameters were distinguished in the calibra-
tion procedure: (1) fixed, system-independent param-
eters, mainly taken from the literature; (2) fixed, sys-
tem-dependent parameters, which vary only with the
selection of certain model variables such as an algal
species; and (3) variable, system-dependent parame-
ters. The DBS model shows specific sensitivity to some
of the variables in this latter group, which can be used
as calibration coefficients. Algal growth in the IJssel-
meer is especially sensitive to variation in the under-
water light climate; nutrients are hardly ever limiting
for growth in this hypertrophic system. Under the fully
mixed conditions in the model algal growth is restricted
to the more shallow parts of the lake (3–4 m), whereas

no net growth occurs in deeper parts (5–6 m). Input
data for the phosphorus loading in our period of study
(1983–1994) were derived from the 1988–1989 model
(Lammens 1999) using a regression with the phospho-
rus concentration in the main tribute, the river IJssel
(branch of the Rhine River), for which monthly esti-
mates were available. For other inputs, the averaged
data of 1988–1989 were used, also for the grazing by
zooplankton and zebra mussels, as no further detailed
information was available. Up-to-date records were
used for the water temperature, wind speed, and irra-
diation. Our period of study covers 1983–1994, based
among other things on the availability of satellite im-
ages for validation of the model. We refer to earlier
publications by Van der Molen et al. (1994) and Van
der Molen (1999) for a more detailed description of
DBS.

Model component 2—buoyancy and stability of the
water column

Buoyancy and water column stability were modeled
using a fuzzy logic expert system. In the fuzzy module,
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a distinction is made in factors describing the appear-
ance and subsequent disappearance of surface blooms.
The attributes (low, intermediate, etc.) and membership
functions are based upon expert knowledge, which was
derived especially from field studies on the diel vari-
ation in buoyancy and vertical distribution of cyano-
bacteria in the Dutch Vinkeveen lakes (Ibelings et al.
1991). Data from the Nieuwe Meer (Visser et al. 1996)
and observations on Esthwaite Water (Ibelings and Ma-
berly 1998) and Windermere (Walsby et al. 1991) in
the English Lake District were also used. For appear-
ance of blooms, the mean wind speed during the last
hour (m/s), the cumulative flux of solar irradiance over
the past 6 h (J·cm22·6 h21), and the time of day were
taken into account (see Fig. 2 for a schematized struc-
ture of the model). Wind speed and cumulative irra-
diance determine the stability of the water column;
buoyancy is determined by irradiance (the percentage
of sinking cells on overcast days is only limited) and
the time of day (see Ibelings et al. 1991). Disappear-
ance of existing surface blooms is considered to be
instantaneous and solely dependent on a breakdown of
water column stability (see legend of Fig. 2). Meteo-
rological data were obtained and averaged for two sta-
tions around the perimeter of the IJsselmeer (Den Hel-
der and De Bilt stations) (see Fig. 1).

Expert knowledge about buoyancy and stability of
the water column is formalized in three steps known
as fuzzyfication, fuzzy inference, and defuzzyfication.
In the first step (fuzzyfication), so-called membership
functions are defined for the input variables and applied
to their actual values, for instance the data on wind
speed. Based upon expert knowledge, a wind speed of
2 m/s is allocated 50% to membership in ‘‘low wind
speed,’’ and 50% to ‘‘moderate wind speed.’’ Fig. 3
shows all the membership functions developed for the
model. It is the key procedure in which qualitative
expert knowledge is quantitatively made available for
the model. In the second step (fuzzy inference), an
expert system is laid down in a set of rules consisting
of a premise and a conclusion, such as ‘‘IF wind speed
is low AND insolation is high THEN the stability of
the water column is high.’’ Tables 1–4 give an over-
view of the expert rules that define the model. In a
final, third step (defuzzyfication), the qualitative output
from the model, in our case, for instance, ‘‘scum for-
mation is highly unlikely,’’ is translated into a quan-
titative but relative value for each hour (see Table 5
for coefficients used in defuzzyfication). The fuzzy
module as a whole produces the degree (expressed as
a percentage) to which surface blooms appear or dis-
appear in each grid cell of the model. Finally the output
of the algal growth simulation model (biomass) and the
fuzzy part (degree to which surface blooms appear or
disappear) is combined with the mean depth of the grid
cell and a mean cyanobacterial flotation velocity of 10
m/d to yield, on an hourly basis, the amount of biomass
(in g C/m2) per grid cell, present in surface blooms and/

or suspended in the water column. When the concen-
tration in the surface layer exceeds 10 g C/m2, a surface
bloom is assumed to be present.

In short, we have parameterized the model in the
membership functions using expert knowledge, based
upon field observations in smaller Dutch lakes. We
have applied the model directly to the IJsselmeer, with-
out further calibration, and validated the model using
NOAA images from the IJsselmeer, on which surface
blooms are discernable (see Validation). In a sensitivity
analysis the degree of the appearance or disappearance
of surface blooms was modeled as a function of wind
speed (which was varied between 1 and 6 m/s at 0.5
m/s intervals), cumulative irradiance (varied between
100 and 2000 J·m22·6 h21 at 100 J·m22·6 h21 intervals),
and time of day (h).

Model component 3—movement of blooms

Horizontal transport of existing surface blooms
across the lake was modeled using a simple particle-
tracking model. The rate of transport was calculated
with the wind drift factor fdrift 5 vsurface/vwind, where v is
the velocity of the surface currents or wind speed re-
spectively. At low-to-moderate wind speed, fdrift equals
1–3% of this wind speed (Webster and Hutchinson
1994). For the horizontal transport, a 1 3 1 km grid
of the IJsselmeer was used. If a breakdown of water
column stability is predicted, the surface bloom will
be re-entrained at its latest location. The algal growth
model DBS reassumes calculation of cyanobacterial
development in a fully mixed water column.

The lake

The model was applied to the largest lake in Western
Europe, the IJsselmeer. This is a lake that was created
in 1932 when a dam sealed off the former (brackish)
Zuiderzee from the North Sea. After that, large parts
of the lake were reclaimed and in 1976 a second dam
separated the IJsselmeer into two parts, resulting in the
southern Markermeer and the northern IJsselmeer (Fig.
1). The remaining IJsselmeer is, on average, 4.5 m deep
and has a surface area of 1200 km2. The river IJssel,
a branch of the river Rhine, dominates its hydrology.
Nutrient concentrations have dropped strongly in the
lake (mean concentrations of total phosphorous and
nitrogen in the summer half year (April–October) are
now 0.12 and 3.2 mg/L, respectively) as a result of
decreasing concentrations in the Rhine, but the increase
in transparency is still only limited (Van der Molen and
Portielje 1994). Transparency is strongly dependent on
local conditions, however. In summer, there is usually
a sharp gradient from high transparency and low chlo-
rophyll a in the southern half of the lake, to low trans-
parency and high chlorophyll a in the north. This gra-
dient coincides with a reverse gradient in density of
zebra mussels (Dreissena polymorpha). The dominat-
ing genera of cyanobacteria are Microcystis and Aphan-
izomenon and these are also mainly (but certainly not
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FIG. 3. Membership functions used in the fuzzy logic module governing the appearance of surface blooms: (A) average
wind speed during past hour (e.g., a wind speed of 2 m/s belongs for 50% to the class low wind speed and for 50% to
moderate wind speed); (B) cumulative irradiance flux over past 6 h; (C) time of day (related to buoyancy state); (D) membership
rule for wind speed governing the disappearance of surface blooms (loss of water column stability).

exclusively) found in the north. Surface blooms of
these cyanobacteria may form on an extensive scale,
covering hundreds of square kilometers, but smaller
local scums have also been observed frequently.

Validation

The NOAA-AVHRR is a radiation-detection imager
that was designed to be used for remotely determining
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TABLE 1. Expert rules used in the fuzzy module regarding
the stability of the water column: IF mean wind speed over
last hour was moderate AND irradiance flux over last 6 h
was high THEN stability will be high, etc.

Mean wind
speed last hour

Irradiance flux
last 6 h Stability

Very high
Very high
Very high
High
High
High
Moderate
Moderate
Moderate
Low
Low
Low

high
moderate
low
high
moderate
low
high
moderate
low
high
moderate
low

low
low
low
moderate
low
low
high
moderate
low
very high
very high
high

Note: Under conditions of high stability, density gradients
in the water column are maintained and resist the impact of
(wind induced) mixing on migration of cyanobacteria.

TABLE 3. Expert rules used in the fuzzy module regarding
the degree of surface bloom formation as a function of the
stability of the water column and buoyancy state of the
cells.

Stability Buoyancy
Degree of bloom

formation

Low
Low
Low
Moderate
Moderate
Moderate
High
High
High
Very high
Very high
Very high

high
moderate
low
high
moderate
low
high
moderate
low
high
moderate
low

low
low
very low
moderate
low
low
very high
high
moderate
very high
high
moderate

TABLE 2. Expert rules used in the fuzzy module regarding
buoyancy. A high buoyancy state implies that colonies are
floating because the lift provided by the gas vesicles ex-
ceeds (carbohydrate) ballast components in the cells.

Irradiance flux
last 6 h Time of day

Buoyancy
state

High
High
High
High
High
Moderate
Moderate
Moderate
Moderate
Moderate
Low
Low
Low
Low
Low

night
morning
early afternoon
late afternoon
evening
night
morning
early afternoon
late afternoon
evening
night
morning
early afternoon
late afternoon
evening

high
high
moderate
low
moderate
high
high
moderate
moderate
moderate
high
high
moderate
moderate
high

TABLE 4. Expert rules used in the fuzzy module regarding
the degree to which surface blooms disappear in response
to a breakdown of water column stability.

Stability
Degree of bloom

disappearance

Low
Low
Low
Moderate
Low
Low
High
Moderate
Low
Very high
Very high
High

very high
very high
very high
high
high
high
low
moderate
moderate
very low
low
low

cloud cover and the surface temperature. Data are de-
rived from the five-channel Advanced Very High Res-
olution Radiometers (AVHRR) on board the NOAA 7,
9, 11, and 14 polar orbiting satellites. Two images per
day are available, from the ascending (day) and de-
scending (night) passes. The resolution at nadir is 1 3
1 km. Prangsma and Roozekrans (1989) described the
use of NOAA-AVHRR imagery for assessing water
quality. AVHRR data are processed by the Royal Neth-
erlands Meteorological Institute (KNMI) using soft-
ware based on the APOLLO package (UK Meteoro-
logical Office). Prangsma and Roozekrans (1989) de-
scribe a normalized ‘‘vegetation index’’:

2 2R(0) channel 2 2 R(0) channel 1
NVI 5

2 2R(0) channel 2 1 R(0) channel 1

where R(0)2 is the subsurface reflectance of light.
Channels 1 and 2 are two broad-band channels of 580–

680 and 725–1100 nm, respectively. Prangsma and
Roozekrans used the NVI for detection of surface
blooms of cyanobacteria, based on the enhanced near-
infrared reflectance of surface blooms compared to re-
flectance of ‘‘clear water.’’ A positive value of the NVI
denotes the presence of surface blooms. Fig. 4 (top
panel) shows an example. Moreover, the enhanced ab-
sorption of light by surface waterblooms results in heat-
ing of the lake surface, and can also be used to trace
blooms on AVHRR images (Kahru et al. 1994) (see
Fig. 4, bottom panel). The fact that we are only inter-
ested in surface waterblooms of cyanobacteria, in
which the biomass is concentrated at the lake surface
means that the limited vertical resolution of remote
sensing is not an issue here. Potentially, 2952 images
would have been available in the selected period of
study, July through October of 1983–1994 (outside July
through October, surface bloom formation is highly
unlikely in the IJsselmeer, and perhaps in general, but
see Howard [2001] for an opposite view). Just over
10% of the images (313) turned out to be usable for
validation of the model; the remainder were unusable
due to the presence of clouds (this highlights the major
obstacle for using remote sensing in regions with an
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TABLE 5. Coefficients used in defuzzyfication (see Fig. 2
for an overview of the steps involved in constructing the
fuzzy model).

Degree of surface
bloom appearance

(qualitative)
Degree of surface

bloom appearance (%)

Very high
High
Moderate
Low
Very low

.75
45
20

9
1

Notes: In the final step of the fuzzy model, the qualitative
output from fuzzy inference is translated into a ‘‘crisp’’ num-
ber by using the coefficients shown in the table. In defuz-
zyfication, we used the center of maximum (CoM) method
(Von Altrock 1995), in which the most typical value for each
fuzzy output term is established.

Atlantic climate like The Netherlands). Because of the
nature of bloom formation, scums will occur more fre-
quently during periods of warm, stable weather. Hence,
it is to be expected that the 313 (largely) cloud free
NOAA images still caught a substantial part of the
blooms.

RESULTS

Cyanobacterial biomass—DBS

The dynamic simulation model DBS correctly re-
produced the IJsselmeer gradient in chlorophyll a and
transparency (Fig. 5), which is commonly present and
is the result of a reverse gradient in the density of zebra
mussels. The high filtering capacity of the mussels in
the southern part of the lake more than compensates
for the optimal growing conditions of the phytoplank-
ton, while lowered densities of the mussels in the north-
ern part permit higher algal biomass, despite less fa-
vorable growing conditions. Cyanobacteria dominate
the species composition in the northern and western
part of the lake with a biomass ranging from 2 to 6 g
C/m3. In the southern and southeastern part of the IJss-
elmeer, cyanobacteria were still the dominant group,
but with a reduced biomass of 2–3 g C/m3. These model
outputs correlate reasonably well with field measure-
ments, which indicated only slightly lower values of
the algal biomass.

Sensitivity analysis fuzzy model

The data on cyanobacterial biomass from DBS are
combined with fuzzy predictions of water column sta-
bility and buoyancy of the cells to yield surface bloom
formation. In a sensitivity analysis of the fuzzy model,
it was shown that the degree of surface bloom for-
mation decreases rapidly with an increase in wind
speed. Scum formation occurs on an extensive scale at
a wind speed of 1 m/s (given a sufficiently buoyant
population), and is nearly absent at wind speeds above
3 m/s (Fig. 6A). Furthermore, the degree of surface
waterbloom formation (given a sufficiently low wind
speed) is maximal between 2400 and 1000 hours and

decreases to a minimum at 1500 hours (Fig. 6B). In
fact, irradiance has a double effect. On the one hand,
high insolation enhances water column stability, which
promotes surface waterbloom formation at intermedi-
ate wind speeds. On the other hand, high irradiance
decreases buoyancy of the cells (when photoinhibition
is ignored), reducing the degree to which scums occur.
Existing scums stay in position up to wind speeds of
2.5 m/s; with a further increase in wind speed there is
a sharp transition and surface blooms disappear abrupt-
ly (Fig. 6C). The effect of insolation on the disap-
pearance of surface blooms is only limited—wind
speed is the overriding factor.

Output from the model

Fig. 7 presents an example of the model output.
Shown is the amount of cyanobacterial biomass pre-
dicted to be present in surface waterblooms for 10–21
August 1983. The figure also illustrates how predic-
tions about surface bloom formation are checked
against the observation on NOAA images. The four
different lines relate to four different geographical ar-
eas on the IJsselmeer grid, representing model output
for the northern, western, southern, and southeastern
areas of the lake (Fig. 1). Overall, there is a good match
between surface bloom prediction and observation in
Fig. 7. On 10, 11, 15, and 20 August, both the model
and NOAA image indicate the absence of surface
blooms. The model predicts surface blooms on 12, 14,
18, and 21 August. NOAA images are available for 18
and 21 August only, and here the prediction by the
model is correct. A bloom that can be seen on the image
of 19 August, however, is not reproduced by the model.
The image on 15 August shows the absence of surface
blooms, shortly after the model (correctly) predicts the
disappearance of the bloom.

A similar analysis for all years yields the overall
results for the validation, shown in Table 6. Surface
blooms were observed on 23 images only; here the
model gives a proper prediction in 19 cases (83%). On
290 out of the 313 usable images, surface blooms are
absent; the model gives a proper prediction in 270 cases
(93%). Overall, the model fails to predict four surface
blooms, and predicts 20 extra blooms without support
of observations on matching NOAA images. Also, 93
surface blooms are predicted when no NOAA image is
available for validation through the presence of clouds.
Cohen’s kappa (e.g., Agresti 1996) provides a measure
for the degree to which two judges (in our case NOAA
image and model) concur in their respective sorting of
N items into k mutually exclusive categories (in our
case, bloom or no bloom present). Cohen’s kappa for
our data set of 313 images and matching predictions
is 0.57 6 0.084 (mean 6 1 SE). The lower limit of the
95% confidence interval is 0.41, the upper limit 0.74.
Purely by chance, there would be no more than 2.87
cases of scum formation where model and observation
would agree, whereas in reality model and observation
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FIG. 4. NOAA-AVHRR image of the IJsselmeer on 21 August 1983. (Top) Normalized Vegetation Index (NVI); a positive
value indicates the presence of a surface bloom. (Bottom) Lake surface water temperature; surface water temperature increases
by strong sunlight absorption in surface blooms. The combination of NVI and surface water temperature can be used to
detect the presence of surface blooms in the images.
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FIG. 5. Spatial distribution of chlorophyll a (in mg/L) in the IJsselmeer. A comparison is shown between measurements
on the left and model prediction (DBS) on the right. The left graph is based upon Kriging interpolation of the mean chlorophyll
a concentrations measured between 1972 and 1995 (April–September).

agreed in 19 cases. For the absence of surface blooms,
where observation and model concur in 270 cases, the
maximum agreement by chance would be 254. Since
surface bloom formation is a relatively rare event there
is a high likelihood that a correct prediction of the
absence of scums is purely based on chance. Predicting
the presence of surface blooms correctly is much hard-
er. However, for both types of predictions—absence
and presence—the model performs (much) better than
chance. If the model were to be used as an early warn-
ing system, it would be more serious to miss a bloom,
than to (mistakenly) forecast additional blooms. Our
model does not have a clear bias towards either pre-
dicting too few or too many blooms. If this were the
case, adjusting the membership functions (i.e., cali-
bration of the model, which we did not do) could have
changed that.

Mismatches between model and NOAA images

On the four occasions were the model fails to predict
a surface bloom, three of the cases reveal that the bio-
mass of cyanobacteria as predicted by DBS was too
low to yield surface blooms, although stability of the
water column and buoyancy would have permitted
bloom formation. On 3 September 1991, the model
misses a small scum that is present in the area where
the river IJssel enters the lake. At this location, DBS
always predicts a low cyanobacterial biomass since the
river water only has low numbers of cyanobacteria. On
19 August 1983 two NOAA images are available (see
Fig. 7). On the morning of 19 August, the model cor-

rectly predicts that the surface bloom of 18 August has
disappeared; however, the return of a small bloom in
the southwestern part of the lake (as can be seen on
the NOAA image in the afternoon) is not reproduced
by the model because the wind speed varied between
5 and 6 m/s. Surface bloom formation at these wind
speeds is highly unlikely. However, using local wind-
speed data (measured on the dike separating IJsselmeer
and Markermeer) we can see that wind speed dropped
to 2.5 m/s for a brief period in the afternoon, perhaps
allowing surface bloom formation in the sheltered area
behind the dike.

The prediction of additional blooms that were not
seen on NOAA images may also be explained in var-
ious ways (again there is not one overall cause for the
mismatches). Partially it may be the result of a too
stern criterion for the NVI (surface blooms present only
when NVI . 0). Furthermore, in a proportion of the
images that were deemed usable, not all of the lake
was visible; small parts were covered by clouds. This
increases the probability that regional scums produced
by the model are missed by the satellite. The mem-
bership rule for wind speed governing the disappear-
ance of existing blooms deviates somewhat from wind
speeds given in literature (generally wind speeds ex-
ceeding 1–3 m/s; e.g., Wallace and Hamilton 2000)
resulting in relatively resilient surface blooms in our
model. Some of the bloom predictions without match-
ing NOAA image disappear when this membership
function for disappearance of blooms is adjusted—an
option that is available to the end users of the model.
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FIG. 6. Sensitivity analysis of the model predicting surface waterbloom formation. The degree of scum formation is
shown to be dependent on the interaction between wind speed, cumulative irradiance, and time of day. (A) The degree of
scum formation at 0800 hours as a function of wind speed and irradiance. (B) The degree of scum formation as a function
of cumulative irradiance (in J·cm22·[6 h]21) and time of day and a fixed wind speed of 1 m/s. (C) The degree to which existing
scums disappear as a function of wind speed and irradiance (at 0800 hours).
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FIG. 7. Predicted cyanobacterial biomass present in surface waterblooms (g C/m2, per hour and per grid cell) indicated
by four lines for four different geographical areas of the IJsselmeer (see Fig. 1) during 10–21 August 1983. A plus or minus
sign indicates that a NOAA image is available for that moment, showing presence (1) or absence (2) of surface blooms
respectively.

TABLE 6. Validation on basis NOAA-AVHRR images of the
IJsselmeer.

Model

NOAA

Surface
bloom absent

Surface
bloom present Total

Surface bloom absent
Surface bloom present
Total

270
20

290

4
19
23

274
39

313

Notes: Surface blooms were observed on 23 images; here
the model gives a proper prediction in 19 cases (83%). On
290 out of 313 images, surface blooms are absent; the model
gives a proper prediction in 270 cases (92%). The model fails
to predict four surface blooms and predicts 20 extra blooms
without support of observations.

TABLE 7. Number of hours during which cyanobacterial sur-
face waterblooms are present in the IJsselmeer as predicted
by the model for the years 1986–1996.

Year Jul Aug Sep Oct Total

1986
1987
1988
1989
1990
1991
1992
1993
1994
1995
1996
Total

41
41

7
122

39
102

15
0

37
28
21

453

51
68

122
93
74
86
33
43
10
24
36

640

106
30
47
37
26
16

0
84

2
22

103
175

31
5
4
9
0

43
1
0

144
58
52

347

229
144
180
261
139
247

49
127
193
132
212

1913

These detailed examples show the large temporal and
spatial dynamics in surface bloom formation and the
accuracy that is required to predict surface blooms.
Small (inevitable) errors in the model, in the processing
of the NOAA images or using regional rather than local
meteorological data all may cause discrepancies be-
tween images and model prediction. It is good to realize
that a mismatch between model and observation in our
study does not necessarily mean that the model output
is wrong. Observation in this case is based upon sat-
ellite images. Radiance measured at the sensor is pro-
cessed in a series of steps (see Prangsma and Rooze-
krans 1989) to get to the NVI or surface temperature
that we used for validation of the model. Uncertainties
are introduced at every step, for instance in the at-

mospheric correction or in the algorithms that extract
concentrations of chlorophyll from R(0)2, the subsur-
face reflected irradiance. The same is true, however,
for every type of observation or measurement that is
used for model validation. Errors are introduced by
sampling, sample storage, and in analysis—for instance
in the estimation of the chlorophyll concentration.

Risk analysis for the IJsselmeer

Table 7 shows the result of a ‘‘risk analysis’’ for
surface bloom formation in the IJsselmeer; it shows the
number of hours the model predicts surface blooms in
at least a part of the IJsselmeer. In total, surface blooms
are predicted for 1913 h (or 5.4% of the time) during



1468 BAS W. IBELINGS ET AL. Ecological Applications
Vol. 13, No. 5

FIG. 8. Comparison of the model output for September 1991 between predictions based upon actual meteorological data
(solid line) and simulated weather forecasts (dotted line) in which an uncertainty in wind speed of 60.4 m/s is taken into
account.

the 12 summers that we studied. Surface blooms are
most prominent in August, a prediction that fits the
population dynamics of bloom forming cyanobacteria,
which appear rather late in the phytoplankton succes-
sion of the IJsselmeer. However, in some years, nui-
sance blooms of Microcystis appear rather early in the
year, some of the highest concentrations of cyanobac-
terial toxins have already been measured in early July.
Surface blooms are usually rare in October, when pop-
ulations of cyanobacteria start to disappear, among oth-
er reasons, through a loss in buoyancy in response to
a lower water temperature, resulting in an increase in
carbohydrate ballast (Kromkamp et al. 1988, Visser et
al. 1997). The year 1994 is an exception to this case,
when weather conditions allowed extensive surface
bloom formation even in October. NOAA images and
the model show that especially northwestern and south-
eastern areas of the lake are prone to surface bloom
formation. Despite a strong reduction in nutrient load-
ing during the period we studied, there is no trend (yet)
towards less surface bloom formation.

Weather forecast

The validation of the model was based upon the use
of historical meteorological data. Prediction of blooms
that would enable early warning would have to be based
on a (long-term) weather forecast. Evidently, the un-
certainty of the forecast increases with the duration of
the outlook. For early warning against surface blooms,
a period of some 72 hours seems to be sufficient. The
most important meteorological factor affecting surface
bloom formation is wind speed. Over the period con-
sidered, the uncertainty in the prediction of the wind
speed is less than 0.5 m/s (J. Scheur, personal com-
munication). This uncertainty is determined by an un-
certainty in the value of the wind speed itself, and in

the timing (for instance the wind speed drops earlier
than foreseen). To test the sensitivity of the model for
uncertainties in the weather forecast, the output for
1983, 1989, and 1991 based upon actual meteorological
data was compared to the output based upon ‘‘simu-
lated’’ weather forecasts. In these simulated weather
forecasts, a realistic measure of uncertainty was added
to the meteorological data (wind speed 60.4 m/s). The
results appeared not to be very sensitive to this limited
uncertainty in wind speed (Fig. 8).

DISCUSSION

We have presented a model that describes the for-
mation of cyanobacterial surface waterblooms. Since
blooms of toxic cyanobacteria are a global problem,
we are not the first to present a cyanobacterial bloom
model. However, where most models focus on either
predicting the biomass (e.g., Bonnet and Poulin 2002,
Howard and Easthope 2002) or the vertical distribution
of cyanobacteria (e.g., Howard et al. 1996, Visser et
al. 1997), we go one step further and actually predict
the formation of surface blooms (scums) in time and
space. Scum formation is at the heart of the problem.
Two earlier studies, Sherman and Webster (1994) and
Howard (2001) also modeled scum formation, but the
first model is only validated on physical, not biological,
aspects, whereas the second model is only validated in
general terms. To the best of our knowledge, our model
is the first to be validated on the basis of a (long-term)
field data set. We have taken a, perhaps, unusual ap-
proach in combining two modeling techniques. We do
not claim that this is the only valid, or even the best,
approach. Rather we want to show that in the range of
simple regression models to complex numerical mod-
els, our approach of combining an existing model for
biomass with a fuzzy expert system for water column
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stability and buoyancy certainly has its merits. Fuzzy
expert systems can be valuable tools, perhaps espe-
cially in ecology. In ecological studies, data sets are
often incomplete and/or inaccurate. Fuzzy logic allows
working with uncertainties and qualitative data. Expert
knowledge may only be available in qualitative terms,
rather than quantitatively. Uncertainties are crucial in
the modeling and understanding of ecosystems. Hence
Droessen (1996) sees fuzzy logic models not as a
‘‘weak’’ option, but rather as an ingenious way to deal
with the inevitable uncertainties in ecology. Fuzzy
models appear less prone to error propagation when
compared to full mechanistic models working on the
same problem. In this discussion, the focus will be on
the fuzzy model, as the modeling of cyanobacterial
biomass has been presented elsewhere (Van der Molen
et al. 1994, Van der Molen 1999).

Alternative model approaches

In this study, we choose to model the appearance of
algal surface blooms by means of fuzzy logic. We can
think of two alternative modeling formats that could
be used instead. First, we could have built a full mech-
anistic model of bloom formation based on differential
equations. Or we could have chosen for a statistical
(regression) model that simply describes the observed
relation between the explanatory variables (biomass,
wind, irradiation, time of the day) and the response
variable (bloom formation). It is interesting to compare
how these three formats (fuzzy logic, differential equa-
tions, statistical model) employ the existing data or
require data that may not be available. The model based
on fuzzy logic predicts algal blooms by combining the
expert knowledge on bloom formation with available
data on the explanatory variables. Since the data on
the observation of blooms were not used for calibration
of the model, they could rightfully be used for vali-
dating the model. This would not have been possible
for a model based on differential equations. Many
physical, chemical, and biological factors are involved
in the initiation, the maintenance, and the demise of
blooms (e.g., Paerl 1988). For many of these factors,
good quality data from field research or experimental
studies are missing. Recknagel (1997) stated that the
application of dynamic, deductive, phytoplankton mod-
els still seems to be restricted by a lack of knowledge.
The lack of accurate data is a general problem for full
mechanistic models. To cope with the resulting error
propagation it is therefore normal practice to calibrate
such models on the response variables, in this case the
presence of blooms. The fact that these data are used
to calibrate the model make them unfit for model val-
idation. Therefore, if these data are sparse, as is the
case with scum formation, one would not be able to
validate a model based on differential equations,
whereas the step of validation seems a necessity for a
model that aims at being used as an early warning
system. A statistical model does not have the problem

that a mechanistic model has of demanding information
that is not available. But the regression equation that
directly links the available information on explanatory
and response variables would not fully exploit the
available information because it would omit the expert
knowledge on bloom formation. Moreover, although
we had access to a 12-yr data set of NOAA images of
the IJsselmeer, only 23 images actually showed surface
waterblooms. Since statistical models are based on the
reduction of large numbers of observations, a statistical
approach was not favored. Also validation of the pre-
dictive power of the statistical model (as opposed to
testing the significance of the explanatory variables) is
problematic since we would again need a new inde-
pendent data set to validate the fitted relations, whereas
data on bloom formation are already sparse. We there-
fore conclude that the method based on fuzzy logic
presented here fully exploits the available information
(including expert information that otherwise remains
inaccessible), does not demand data for calibration that
are not available, is less prone to error propagation,
and finally allows for a truly independent, and in our
case successful, validation of the model.

Credibility and acceptability of models

Van der Molen (1999) distinguishes acceptability of
models from credibility. For credibility, it is essential
that the model goes through the procedure of system
analysis and that uncertainties and limitations of the
model are addressed (see next paragraphs). Whether
the performance of the model is acceptable is best left
to the end user of the model (Rykiel 1996). The result
of a validation procedure is not so much general ac-
ceptance (or rejection) of the model, but rather that the
model is tested for its suitability, taking the intended
use of the model into account. In our case, the local
water authorities accepted the model by expressing a
keen interest in developing the model into a fully op-
erational tool. In the list of validation procedures given
by Rykiel (1996) our procedure would fit into ‘‘event
validity,’’ in which a comparison between the model
and system is made for the occurrence, timing, and
magnitude of simulated and actual events. The spatial
distribution of surface blooms (magnitude) in our mod-
el is the result of (1) the gradient in cyanobacterial
biomass that is observed in the lake and reproduced by
DBS, (2) the lake bathymetry (for a buoyant colony it
takes longer to reach the surface at a deep location),
and (3) the movement of scums across the lake. Spatial
variation in the thresholds for the appearance or dis-
appearance of surface blooms is not included, i.e., these
are uniform across the lake. If the output of the fuzzy
model allows surface bloom formation (i.e., sufficiently
stable water column and sufficiently buoyant cells), the
model will actually predict surface blooms in any of
the 85 grid cells where DBS computes sufficient cy-
anobacterial biomass.
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System analytical approach

System analysis is a logical and systematical ap-
proach wherein assumptions and criteria are clearly
defined and specified (e.g., Beck 1997). Several stages
are identified. During problem analysis, a general prob-
lem is specified and translated into objectives. These
objectives are further specified in a conceptual frame-
work that may be formalized into a set of mathematical
equations, governed by parameters. A conceptual mod-
el should address the variables to be included in the
model, relationships between these variables, a spatial
schematization of the system, temporal aspects and the
required input data. In the next phases, during sensi-
tivity analysis, parameter estimation (often called cal-
ibration), and validation, the model is developed and
adjusted to the specific circumstances of the system
under consideration, using the available data. Finally,
the model is applied. Although the system analytical
approach was developed for the construction of more
‘‘traditional’’ fully mechanistic models, it provided a
useful framework in developing the fuzzy model, al-
though some small deviations occurred.

Our objective is to develop a model that predicts the
occurrence of cyanobacterial surface waterblooms in
the open water of a large lake. The conceptual frame-
work describing surface waterbloom formation is given
by the work of Reynolds and Walsby (1975), i.e., three
factors must be considered by the model: cyanobac-
terial biomass, stability of the water column, and buoy-
ancy. Hence, it was clear that wind-induced mixing in
a nonstratified water column would prevent buoyant
cyanobacteria from forming surface waterblooms. We
needed a fairly detailed spatial schematization of the
IJsselmeer, since we knew a priori that a gradient in
the density of cyanobacteria exists in the lake, and that
wind-driven transport carries blooms across the lake.
Furthermore, we needed relatively short time intervals
since surface waterbloom formation is a highly dynam-
ic process. The model would need to take July through
October into account, since surface blooms have been
observed over the years during this period.

For the first condition given by Reynolds and Walsby
(1975), biomass, the established water quality model
DBS was used. Steps three to seven of the system anal-
ysis framework were followed in setting up this model
and in its application to the lake (see Methods and Van
der Molen [1999]). For the fuzzy modeling of the other
two conditions—stability and buoyancy—steps three
and five were omitted, and expert knowledge was for-
malized in membership functions and the resulting
fuzzy model was applied to the IJsselmeer without fur-
ther calibration. Calibration would have meant adjust-
ing the membership functions, an option that we did
not use since we felt that the original settings gave a
good representation of the expert knowledge. A sen-
sitivity analysis was carried out and the main results
are presented in Fig. 6. Validation of the model output

was carried out using a 12-yr data set of NOAA-
AVHRR images, which only delivered 23 occasions on
which surface blooms were discernable. In applications
of the model, the timing and location of surface wa-
terbloom formation was studied, yielding a risk anal-
ysis for the IJsselmeer, and the usefulness of the model
as an early warning system was tested.

Early warning—are there alternatives for models?

Current lake monitoring programs for algal blooms
are reactive and provide insufficient means for advance
warning (Schofield et al. 1999). Sorrano (1997) found
that no single physical, meteorological, or limnological
factor indicates that bloom formation is imminent. For
instance, no relationship between epilimnetic chloro-
phyll levels and the occurrence of surface scums was
found. It seems inevitable to use models, taking me-
teorological factors into account, as we have done in
our study. Remote sensing however may have the po-
tential to yield an early warning. This would be the
case if blooms could be detected in their very early
stages. Schofield et al. (1999) are doubtful, however
about the potential of remote sensing in detecting low
numbers of a nuisance species against a background of
general phytoplankton.

In situ samples of spatially heterogeneous parame-
ters like total suspended matter, chlorophyll a, light
extinction coefficients and Secchi depth are often not
representative for the spatial mean of these parameters
(Dekker et al. 2001). Hence, the spatial patterns cannot
be represented using traditional in situ sampling tech-
niques. The NOAA data set used for validation in our
study certainly has its limitations, but it is the only
viable alternative to trace the presence of surface scums
in a large lake over a longer period. Given the discus-
sion above about uncertainties in model and satellite
imaging, the key question remains: How valid are the
model predictions? Following Rykiels’ (1996) guide-
lines, this question becomes: are the predictions of sur-
face waterbloom formation useful in a practical sense?
What are the limitations of the current model?

Limitations of the model

The model has been tested only on the large lake
IJsselmeer. We can not formally say whether it would
perform equally well in other lakes. However, the fuzzy
part of the model is based upon expert knowledge of
the ecology of bloom forming cyanobacteria. This
knowledge is based upon studies of many lakes, and
should be universally applicable. The DBS model that
yields cyanobacterial biomass has been applied to
many more systems than just the IJsselmeer. The algal
module in DBS-Bloom calculates the dynamics of al-
gae and cyanobacteria assuming fully mixed condi-
tions, i.e., vertical migration of cyanobacteria is not
included. This is a clear shortcoming of DBS. Even if
the fuzzy model takes care of the role of buoyancy in
surface bloom formation, buoyancy is also important
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in growth and the loss processes of cyanobacteria. It
is an aspect where the modeling of cyanobacterial bio-
mass could be improved.

Surface blooms were predicted in the IJsselmeer dur-
ing 5.4% of the time only. This may seem surprisingly
rare given the bad reputation of cyanobacterial scums.
Soranno (1997), in a study of Lake Mendota, found a
similar (low) frequency of scum formation in the open
water (10 days during summer). However, the model
presented by us does not cover the more persistent
scums of cyanobacteria that are often present in shel-
tered places like harbors and sluices. These shoreline
scums determine the public perception of the problem.
Persistent scums often start out as less dense blooms
in the open water, but are driven to the leeward shore
by light winds. It is not particularly difficult to extend
the fuzzy model so that it would include persistent
scums in sheltered locations. Almost all that would be
required is to adjust the membership functions on the
basis of the existing expert knowledge. The reason we
have not done it (yet) is that we were unable to find
data for validation of this model. Pixels of remote sens-
ing images at the land–water interface cannot be used,
and interviews in yachting marinas, etc., did not yield
sufficient information about the occurrence of scums.

Although the acceptable match between model and
observation (Kappa of 0.57 6 0.084) shows that the
model has the capacity to be used as a fully operational
model, some adjustment would still be needed (in ad-
dition to addressing the issue of more permanent
blooms). In the current setting—with DBS providing
algal biomass—online models for hydrology, water
chemistry, meteorology, and biology would be needed.
The fuzzy module is easy to convert into an online
version for operational application. Continuous updates
on the weather forecast would be needed. A new gen-
eration of satellite sensors (e.g., MERIS on board EN-
VISAT), are better suited to monitor algae. Ideally,
reflectance spectra provided by a number of sensors
would be processed automatically into maps of chlo-
rophyll and cyanobacteria. A close coupling between
the model and the images could provide a continuous
validation process.
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